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Highlights

What are the main findings?

* A new HTMRG construction method is introduced based on grid maps. Through
skeleton simplification, redundant hub-node merging, intersection-region modeling,
and the generation of smooth corridor (SCE) and intersection edges (SIE), it produces a
structurally compact, globally navigable, and geometrically continuous road network.

* A visibility-based start-goal insertion strategy significantly shortens planned path length
in simulations, Gazebo tests, and real-world experiments, improving overall path-
planning efficiency.

What are the implications of the main findings?

* HTMRG enables fast computation of geometrically continuous and directly trackable
paths, achieving improved smoothness and execution stability compared with GVD,
HTG, and grid-based methods.

¢ The framework demonstrates robust performance across structured and unstructured
environments and is validated through simulations and real-world tests, supporting
reliable deployment in practical UGV navigation tasks.

Abstract

Autonomous navigation in complex environments requires efficient and reliable road-
network representations for fast path planning. However, traditional grid and skeleton-
based approaches often suffer from high computational cost and limited path quality. This
paper proposes a Hierarchical Topology-Metric Road Graph (HTMRG) framework for
autonomous navigation of unmanned ground vehicles (UGVs). The method automati-
cally constructs a hierarchical road graph from grid maps by identifying key intersection
structures and generating smooth corridor and intersection connections. In addition, a
dedicated start-goal insertion strategy is developed to enable efficient graph-based path
planning in previously unexplored scenarios. Extensive simulations and real-world exper-
iments demonstrate that the proposed method can automatically construct hierarchical
road graphs and generate smooth, high-quality paths with improved planning efficiency
and robustness. The HTMRG framework has also been successfully integrated into a UGV
system, validating its effectiveness and practicality in real-world navigation scenarios.

Keywords: navigation map; road graph; hierarchical topology-metric; corridor edge;
intersection edge; path planning
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1. Introduction

Autonomous navigation in complex and large-scale environments is a fundamental
capability for unmanned ground vehicles (UGVs) in applications such as Automated
Guided Vehicle (AGV) transportation [1], contactless delivery [2], and self-driving [3].
Efficient global path planning relies heavily on compact and informative representations of
the robot’s free space, which must balance computational efficiency, path quality, and safety.

Road Graphs (RGs) provide a promising representation by abstracting the navigable
free space into a graph structure that supports fast search and decision-making. However,
constructing RGs that simultaneously ensure computational efficiency, geometric accuracy,
and path smoothness remains a challenging problem, especially in environments that
contain both structured and unstructured regions. In autonomous robotics, Global Path
Planning (GPP) is often required as an essential input for motion planning and control.
Despite its importance, existing RG modeling approaches still struggle to balance graph
compactness, planning efficiency, and trajectory smoothness across diverse environments.

A wide range of navigation map modeling methods have been explored in the lit-
erature. The current mainstream navigation map modeling methods include grid maps,
geometric maps, topology maps, route maps, etc. The grid map is the most common type
of map representation, but its accuracy is limited by cell resolution [4]. Geometric maps are
used to describe the free space of the environment using shapes and coordinates, providing
detailed spatial information [5]. Paths can be planned using spatial sampling, numerical
optimization methods, or more recently learning-based and data-driven [6] planning ap-
proaches. However, sampling-based GPP methods are influenced by the sampling step
size [7], while numerical optimization methods are computationally complex and prone to
getting stuck in local optimum.

The Visibility Graph (VG) method assumes that the robot is represented as a point
and obstacles are approximated as polygons [8]. It connects the start point, goal point,
and vertices of polygons with visible line segments. These line segments cannot intersect
with the polygons of obstacles [9]. Path planning is then based on the visibility graph
formed by these points and edges. The resulting path tends to be tortuous and uneven,
as it follows line segments connecting the vertices of obstacles. This makes it prone to
collisions with obstacles and lacking in flexibility, thus making it challenging to use directly
for path guidance. Therefore, smoothing techniques are required to refine the trajectory
in subsequent applications [10]. Additionally, an increased number of environmental
obstacles and richer feature information lead to longer search times.

The Probability Roadmap (PRM) method creates an undirected graph by sampling
and performing collision detection to determine the connectivity between sampling points
in free space. Feasible paths can then be obtained through graph search. A disadvantage of
this algorithm is its limited suitability for complex environments and low completeness.
Specifically, if the parameters are set incorrectly, even existing feasible paths may not be
discovered. Moreover, the planned paths tend to be uneven and are difficult to use directly
for tracking and guidance [11].

High-definition maps, such as Lanelet2, OpenDRIVE, and Apollo [12] are widely
used in self-driving applications. Silva [13] utilized Clothoids to construct sparse road
network models for autonomous navigation. Mi [14] proposed a method for extracting and
vectorizing 3D road boundaries from point clouds. Zhang [15] reconstructed 3D highway
curves from mobile laser scanning point clouds. However, these approaches are limited
to regular, structured urban highway scenarios and require substantial manual effort for
further modeling.
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The topology-metric RG establishes a route model with metric properties in free space
to support robot path planning and navigation. Tae built a Topology Graph (TG) from the
local grid map using a thinning algorithm [16]. Stenzel [17] constructed a Topology Graph
(TG) for AGVs, making path finding relatively easy and fast. However, the absence of
metric information results in a low accuracy of the planned route, making it unsuitable for
direct application in robot tracking and guidance. In [18,19], a method based on central axis
topology routes was used to improve the efficiency of PRM in constructing RGs. However,
these methods are still sampling-based. The resulting roadmaps have probabilistic com-
pleteness but are not suitable for direct robot tracking. Spline-based topology generation
for path planning was proposed in [20]. Although kinematic constraints were considered,
validation was performed only in the structured environment simulations.

In [21,22], an explicit corridor topology map was proposed for robot navigation
planning. By significantly reducing the search space, skeleton paths can be quickly obtained
from the TG as needed, achieving lightweight computation. However, this approach was
mainly applied to structured indoor environments, and only distinguishes between skeleton
and topology points without further modeling hub intersections. Although this enhances
search speed, smoothly tracking the planned path can be challenging.

This study draws inspiration from real-world structured traffic road networks to
develop a method for fast, smooth, safe, and relatively short GPP, which can be used in
both large-scale structured and unstructured environments for wheeled or tracked UGVs,
such as Husky-class unmanned ground vehicles and similar mobile robotic platforms. The
primary contributions of this study are as follows:

*  Reducing the size of the TG and identifying map intersections by simplifying and
merging redundant nodes.

*  Constructing HTMRG by designing smooth corridor edges and intersection edges to
generate navigable road routes.

e Enhancing the insertion process of start and goal nodes within the HTMRG to improve
GPP performance.

¢ Conducting extensive simulations and real-world experiments across various environ-
ments and integrating the proposed method into UGV autonomous navigation systems.

The remainder of this paper is organized as follows. Section 2 presents the overall
workflow of HTMRG. Section 3 details the construction of HTMRG. Section 4 describes
its application to path planning. Section 5 reports the simulation results, while Section 6
presents the real-world experimental results. Finally, Section 7 concludes the paper and
outlines future work.

2. The Workflow of HTMRG

This chapter presents the workflow of the HTMRG method and defines the relevant
components, laying the foundation for subsequent sections. As shown in Figure 1, the
HTMRG framework can be divided into four main processes: sensors data and perception,
pre-processing, simplification and TG extraction, HTMRG generation and application.
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Figure 1. Workflow of the proposed HTMRG method, including sensors data and perception, pre-
processing, simplification and topology graph extraction, HTMRG generation and application.

2.1. Sensors Data and Perception

The proposed HTMRG approach takes as input a grid-based 2D map, M € R/,
where I and | denote the number of rows and columns of the grid map, respectively.
Each cell is binary: 0 denotes free space and 1 denotes occupancy. Unmanned carrier
platforms typically perform environmental data acquisition and perception-based mapping
by integrating multiple types of sensors (e.g., GPS, LIDAR, and cameras). As illustrated
in Figure 1c, SLAM technology can be employed to construct global cloud maps [23],
which are subsequently projected into grid maps. In addition, as shown in Figure 1d,
image segmentation algorithms applied to UAV aerial imagery can be used to extract
obstacles [24], thereby producing grid maps that delineate traversable areas.
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2.2. Pre-Processing

In this stage, the input grid map is first filtered [25] to remove noise and then skele-
tonized to generate the skeleton graph (SG). The skeleton is a morphological representation
of the map, positioned equidistant from the nearest obstacle points. It can be generated
using various methods, such as the Voronoi diagram, image thinning, and distance field
transformation [22]. Figure 1f illustrates the grid-map after filtering, while Figure 1g dis-
plays the resulting skeleton map through the distance field transformation. Then, the
8-neighborhood search method was used to establish neighbor relationships between skele-
ton nodes. As a result, the SG is denoted as Gs = {Vs, Es}, where Vs = {1/ | i =1,...,N;}
and E; = {efj = (o3, v;) |v? = neighbor(v;)}. Here, v7 is the i-th skeleton node and N rep-
resents the total number of skeleton nodes. The function neighbor() denotes the formation
of the neighbor relationships. The subsequent methods described rely on the distance field
graph and SG.

2.3. Simplification and Topology Graph Extraction

The SG (Gs) derived from the pre-processing is used for modeling in this process,
resulting in the Simplified Topology Skeleton Graph (STSG). The relevant elements are
defined as follows:

e Hub Nodes (HNs): Skeleton nodes with a degree of 3 or more, denoted as Vj,,;;, =
{vlh”b | vf”b € VS,D(vih“h) >= 3}, where D(vlh”b) is the degree of node Vlhub, as
illustrated by the black pentagram markers in Figure 1h.

*  End Nodes (ENs): Skeleton nodes with a degree of 1, denoted as V,,; = {Vf”d | vf”d €
Vs, D(v¥") = 1}, as illustrated by the green diamonds markers in Figure 1h.

*  Initial Topology Nodes (ITNs): Including both HNs and ENs, denoted as Vr, = {vlT o
ViTO € Vi U Vend}'

*  Initial Topology Edges (ITEs): Representation of the connectivity between neighboring
ITNs, denoted as Ey, = {63;0 = (viTO, vaO) |1/1T = neighbor(vaO)}. Accordingly, the
Initial Topology Graph (ITG) can be denoted as G, = {Vr,, E, }.

¢  Initial Topology-Skeleton Edges (ITSEs): Skeleton paths connecting neighboring ITNs,
denoted as ES’T’(‘)EI = {ef]l‘gl = skel(viTO,vaO)WiTO = neighbor(v].TO)}, where skel (viTO,v].TO)
represents the skeleton path between viT  and V]»TO. Furthermore, the Initial Topology
Skeleton Graph (ITSG) is thus defined as Grs, = { V7, ESTISEI .

e Intersection Nodes (INs): Nodes obtained by merging HNs according to a predefined
rule, denoted as V. = {vf”t” |i=1,...,Nirer} asillustrated by the red pentagram
markers in Figure 1i.

e  Simplified Topology Nodes (STNs): Nodes including both INs and ENs, denoted as
Vr = {UZT | ViT € Vinter U Vend}-

e Simplified Topology Graph (STG): Gt = {Vr, Er}. ET merely represents the neighbor-
ing relationships between topological nodes.

e  Simplified Topology Skeleton Graph (STSG): Grs = {Vr, E¥'}. ESf! contains all
skeleton nodes along the paths between neighboring topology nodes.

2.4. HTMRG Generation and Application

At this stage, the STSG (Ggstsg) will be further modeled into corridor and intersection
zones, resulting in a smooth road network that facilitates both path planning and tracking.
The relevant elements are defined as follows:

*  Junction Nodes (JNs): Nodes defined as the intersection points between a circular
safety region and the skeleton, where the center of the circle corresponds to an inter-
section node (IN) and the radius is determined by a safety distance threshold. The
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set of JNs is denoted as Vj,,, = {vz]i"] | vi,v; € Vr,v; = neighbor(v;)}, as illustrated

by the pink triangle markers in Figure 1k. For simplicity, this set is redefined as

Viun = {viun |[k=1,2,..., N{/'”"}, where N{;”n denotes the total number of JNs.

*  Key Nodes (KNs): Nodes including both JNs and ENs, defined as V., = {vfey \ vfey €
Vjun U Vend} :

*  Smooth Corridor Edges (SCEs): Smooth paths connecting neighboring JNs within the
same intersection, as illustrated by the green dashed lines in Figure 11. These edges
are denoted as E.r.

*  Smooth Intersection Edges (SIEs): The smooth paths between neighboring JNs within
the same intersection, as illustrated by the green dashed line in Figure 11, are denoted
as Ej;.

e  HTMRG: The proposed HTMRG is defined as Gurm = {Viey, Ecorr U Eint, W}, where
W denotes the edge weight, typically represented by the path length.

Finally, using an appropriate insertion strategy, as shown in Figure 1m, the start and
goal nodes can be incorporated into the HTMRG, enabling efficient and safe path planning.

3. The Construction of HTMRG

This section details the construction of HTMRG, including the methodology for gener-
ating the STSG by merging HNs, as well as the construction of SCEs and SIEs.

3.1. Details of Simplification and Topology Graph Extraction

As illustrated in Figure 1Th, HNs may be closely located and redundant within the
same intersection area, which may potentially impact the subsequent RG modeling process.
To identify INs and construct the STG, pairs of close HNs are first determined. New INs
are then generated by merging close HNs within the same area, while preserving the
topological relationships in the TG. Finally, remove the original pairs of close HNs.

The distance field is used to calculate safety threshold radius ra of v/ (indicated by
the solid arrow in Figure 2) and the corresponding safety circle (indicated by the dashed
circle in Figure 2), defined as the distance between each hub node and its nearest obstacle.
When two neighboring HNs are within each other’s safety threshold radius, they are
classified as close HNs, denoted as:

hub _ hub : hub hub
v = close(vg"”) if (HVA” — vy

<ra Vo ||vhmb — yhub) < rB) (1)

And based on Equation (2), every HN can be determined whether it belongs to the
close HN pairs C

(2)

b ¢ C close(vi?) #£ @
Non —C otherwise

It can be observed that, based on Equation (1), a close HN may have one (Figure 2a) or
multiple (Figure 2c) neighbors in C. Then, close HNs in the same area should be merged
into a IN recursively. Algorithm 1 presents the procedure for generating the STSG, where
C = CLOSE( ) represents the construction of close HN pairs by Equation (1), Merge( )
denotes the process of node merging based on the centralization method, Edge( ) refers to
the process of maintaining the neighbor-edge relationships for the newly generated nodes,
and Delete( ) describes the removal of old nodes and edges information from the graph.
Figure 2a,b presents the merging result of single-neighbor close HNs, whereas Figure 2c,d
depicts the result of the iterative merging of multiple-neighbor close HNs.
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(d)
Figure 2. Merging close HNs. (a) Single-neighbor close HNs. (b) Merging into a IN. (c) Multiple-

neighbor close HNs. (d) Merging into a IN. In (a,c), stars represent the HNs, arrows denote the
distance to the nearest obstacles, and blue lines represent the skeleton paths before merging. In (b,d),
red stars represent the INs obtained after merging, arrows denote the distance to the nearest obstacles,
and green lines represent the merged skeleton paths. According to Algorithm 1, the process from (a)
to (b) requires only one iteration, whereas the process from (c) to (d) requires three iterations.

3.2. The Construction of Smooth Corridor Edges

Based on the STSG, the JNs at each intersection are first identified. A constrained
optimization-based B-spline is then applied to refine the connection between two JNs on
the same edge, thereby generating a smooth road segment, as illustrated by the blue path
in Figure 1L

3.2.1. JNs Identification

The JNs are are determined by identifying the intersection between skeleton paths
in Gsrsc and a circle with a junction radius centered at each IN. For neighboring INs, the
junction radius is computed under two different cases, as illustrated in Figure 3, based on
the distance between the two INs and their safety radius of each IN, and is defined as:

ra ifLAB>TA+1’B

®)

Rasp =

Ax Lg% otherwise

r +rB

inter __ mter

where Lag = ||V} (A), and A controls the scale of neighboring
INs, can be heuristically set w1th1n the range A € [0.6,0.9]. In the subsequent experiments
of this paper, A is set to 0.8. Figure 4 presents the N identification results corresponding to
Figure 3. .

Subsequently, the set Vj,,, = {v; jun | k=1,2,...,NJ"} and Viey = {vfey \ vfey €
Viun U V,nd } are constructed. The skeleton path within the corridor region between neigh-
boring KNs belongm;(g to different intersections can then be directly obtained, and is

denoted as skel (v key

https://doi.org/10.3390/drones10030188
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Algorithm 1 STSG Generation

Input: Grs,, Distance field map M;,
Output: Gsrsg
1: function GenSTSG (GTSOI Myis)

2. GenlInterNodes (Grs,, Mis)

3 Vinter = thb

4 Vr= {vlT ‘ UZT € Vinter U Vend}

5 Gsrsc = {Vr, Ef}

6: return Ggrsg

7: function GenInterNodes (Grs,, Mg;s)

g C= CLOSE(GTSO)

9: T=0

10  while C # @ do

11: for vf’”b € Cdo

12: if size(close(v/"?)) = 1&&v!"* ¢ T then
13: Viemp = close(vlh”h)

14: if size(close(Viemp)) > 1 then

15: Remove vlh”b from close(Viemp)
16: Push close(viemp) — T

17: end if

18: v;l”b—”ew = Merge(vlh”b,vtemp)

19: Push V]hub_new_>vhub
20: Edge(v]’.mb*”ew, neighbor(v]’.mb*”ew)) — Grs,
21: Delete(vf’”b,vtemp) from Grsg,

22: Delete(vl’-mb, Viemp) from C

23: end if

24: end for

25: C= CLOSE(GTSO)

26: T=00

27:  end while

',“l' A | v Jun Jun |

423 VB4

vf rzte}“.'*-———-ﬂ—*‘".v inter

= R_il—> RBI—>.-J . B
L Aele B
E'L.‘— I, g
B
(b)

Figure 3. Identification of the JNs. (a) Case 1: neighboring INs are sufficiently separated, and the
junction radius is set equal to the safety radius of each IN. (b) Case 2: neighboring INs are close, their
safe regions overlap. To ensure valid JNs, the junction radius is defined as a weighted function of the
distance between the two INs. The meanings of the lines, arrows, triangles, and stars are the same as
those in Figure 1.

3.2.2. Constrained Optimization-Based B-Spline Curves

The corridor skeleton path skel (vfey , kaey ) extracted from the road graph consists of

piecewise linear segments connected at discrete nodes, as illustrated by the blue paths in
Figure 5a. Such paths are not directly suitable for robot tracking because they contain sharp
corners, discontinuous curvature, and may violate vehicle kinematic constraints. Therefore,
a trajectory smoothing and optimization step is required to transform the discrete skeleton
path into a continuous and dynamically feasible trajectory. This section proposes a method

https://doi.org/10.3390/drones10030188
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to generate SCEs using B-spline interpolation, optimizing for smoothness while enforcing
curvature and safety constraints.

Figure 4. Examples of JN identification. (a) Case 1: a simple environment in which the distance
circles of two INs do not intersect, corresponding to Figure 3a. (b) Case 2: two nearby distance circles
overlap, as highlighted by the blue dashed rectangle, corresponding to Figure 3b. The meanings of
the symbols and legends are the same as those in Figure 1.

* Intersection Node A Juncture Node e Skeleton Ptah Smooth Corridor Edge

(b)

Figure 5. Smoothing of corridor edges. (a) Corridor edge before smoothing. (b) Corridor edge

after smoothing.

A B-spline curve can locally adjust a path without altering its overall shape, making
it well suited for path smoothing. Given n + 1 control points, which define the direction
and boundary range of the spline curve, the k-th order B-spline curve is given by the
following definition:

P(Ll) = [Po,Pl,P2'~~ ,Pn] €

Box()| _x~pp
B:;(u)] = izzople,k(u) (4)

where B; i (1) is the i-th B-spline basis function whose order is k(k > 1) corresponding to the
control point and u is the variable. The basis function has the following derivation formula:

1wy <u<uiy

B‘,O(M) = (5)
Z 0 else
U — u; Wiigye1 — U
Bir(u) = ——Bip q(u)+ —  — B 1 1(u 6
i (1) TR 1(u) Wpopy —tipeg UK 1(u) (6)
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To balance path smoothness and computational efficiency, a third-order quasi-uniform
B-spline (k = 3) is adopted. A cubic B-spline guarantees C> continuity of the generated
trajectory, ensuring continuous curvature and smooth steering for mobile robots. Lower-
order splines cannot guarantee curvature continuity, while higher-order splines introduce
unnecessary computational complexity and may lead to overfitting. Therefore, the cubic
B-spline provides a practical trade-off between smoothness and efficiency for real-time
path generation. When selecting control points along the skeleton path between key nodes
(KNs) on the same edge, sparse sampling is applied in smooth regions, whereas denser
sampling is used in high-curvature regions. This strategy ensures that the smoothed path
closely follows the overall trend of the skeleton.

Let Pg = {pi(x;,y),i € [1, N]} denote the path to be optimized, which is generated
through B-spline interpolation. The objective is to minimize a cost function that incorporates
terms related to path smoothness, curvature constraints, and safety penalties. The objective

function is defined as:
N—1

J=m- Y (Apiy1 — Ap;)?
i=1

N—1 Ad:
+ 12 Z Ok <|A;§l| - Kmux) @)
i=1 i

N
+773 ) Tobs(| pi — 0i | —dmax)
i=1

The first term ensures path smoothness by minimizing the curvature, represented
by the second derivative of the trajectory. The second term imposes an upper bound on

the instantaneous curvature of the trajectory at each node, ensuring compliance with the

-1 Ayip1 -1 Ay;
Axiq tan Ax;

tangential angle at the vertex. Here, x4y is the maximum allowable curvature of the path,

vehicle’s non-holonomic constraints. A¢; = |tan is the change in the
and oy is a quadratic penalty term. The third term penalizes potential collisions with
obstacles, where 0, is a quadratic penalty term, o; denotes the location of the obstacle
closest to the vertex, and dmay is the threshold for the maximum effective range of distance
to obstacles. 71, #2, 3 are weights. In the following experiments, we use a differential-
drive robot (with zero minimum turning radius) and set dmax = robot/"map + 2, where
Trobot denotes the physical radius of the robot and rmap denotes the grid-map resolution.
Meanwhile, we empirically set #7; = 100, 77, = 0, and #3 = 50, and keep them fixed
across all scenarios. Finally, the gradient descent algorithm can be employed to solve
this problem and obtain smooth road sections. Figure 5 presents a comparison of the
optimized and unoptimized corridor edges in a local map, where the optimization process
significantly enhances the skeleton path between nei%hboring KNs. As a result, the setkof

ey ey

R o key key\, key . . key
SCEs, Ecory = {7 = Bs(vg Y )\vg = nezghbor(vj )}, is constructed, where Vg,V

are located at different intersections and Bs(vlgcey , lefey ) represents the proposed B-spline
smoothing algorithm.

3.3. The Construction of Smooth Intersection Edges

In this section, SIEs are constructed between the neighboring JNs within the same
intersection, ensuring tangential continuity at the JNs, as well as maintaining rationality
and safety within the intersection region. To address the G! Hermite interpolation problem,
the Clothoid-based approach is adopted, ensuring gradual directional changes along the
curve and making it easier for robot tracking and control.

https://doi.org/10.3390/drones10030188
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Assuming the initial coordinate of the curve is (xg, o), the Clothoid can be defined by
the following equation according to the Fresnel integral function:

x@)=x0+jgam(%ﬂ—%ht+h0dt
(8)
y&):yo+j§gn(%ﬂ—k&t+nﬁdt

where s is the arc-length parameter, kj is a parameter controlling the rate of change of
curvature, k; is a parameter that controls the initial curvature, and t; is an offset constant.
The curvature and tangent angle of any point on the curve can be described as:

k(S) = k()S + k] (9)
t(s) = K062 + kys + to
G! continuity fitting based on the convolutional curve [26] is employed to ensure tan-
gential continuity at the JNs, providing a seamless geometric connection and maintaining
the overall smoothness of the design. _ ‘ ‘
As a result, the set of SIEs is constructed as E;,;; = {e/" = Cl(v;un,v]]cu”) | v}”n =
jun ju

nei ghbor(v,](”n) }, where Vi " are junction nodes located within the same intersection

and CI (U]]:u", 1/,];”") denotes the proposed clothoid-based smoothing operator. As an illustra-
tive example, the SIEs between neighboring JNs within the same intersection are shown
in Figure 6a. The start and end points of each SIE coincide with the corresponding JNs,
and the initial direction is determined by the tangent vector at the endpoint of the smooth
corridor edge.

To verify collision-free motion, Monte Carlo sampling is employed to demonstrate that
the proposed SIEs do not extend beyond the boundary of the intersection circle. Specifically,
a circle is generated with a center of (0,0) and a radius of 5 m. Start point (0, —10), ending
at any discrete point on the circle, with a direction of 4,4 +5°,...,a & 40°, where a is the
direction from the center of the circle to the end point. After fitting and smoothing, the
result shown in Figure 6b clearly demonstrates that the curve will not cross any obstacles,
as it remains within the area of the circle. Finally, HTMRG is constructed and represented as
GHTM = {Vkeys Ecorr U Eing, W} = {Viey,, EHTM W}, where W denotes the distance-based

cost between neighboring KNs.

A Start point A End point

=g

(@)

Figure 6. Intersection modeling. The meanings of the symbols and legends are the same as those in
Figure 1. (a) Clothoid-based SIEs constructed between JNs within an intersection. (b) Monte Carlo
sampling results illustrating that the generated SIEs remain within the intersection boundary.
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4. The Application of HTMRG

To perform path planning on the HTMRG, the start and goal nodes must be inserted
into the graph prior to graph search. A typical approach identifies the skeleton points
closest to the start and goal locations, connects them to the graph, and then performs a
search [22]. However, as shown by Path2 and Path3 in Figure 7a, this method can lead
to suboptimal paths. In contrast, Figure 7b shows improved results achieved using the
proposed insertion strategy.

~

* Intersection Node
«== Smooth Corridor Edge

Smooth Intersection Edge

Path2

A Juncture Node
A Visible Juncture Node
O Start / Goal Node
* Closest Point
e Planned Path

2 S .
&« _# Visible Distance

Figure 7. Comparison of node insertion strategies. (a) Traditional insertion method based on the
nearest neighbor point. (b) Proposed insertion method enabling more reliable path connections based
on visible connections.

Accordingly, we propose a strategy to insert the start and goal nodes into the HTMRG
by leveraging the visibility (line-of-sight) relationship between the newly inserted node
and the KNs. Taking the insertion of the start node as an example, the graph after the
insertion of the new node, denoted as Gyrp—s, is presented in Algorithm 2. The process
for inserting the goal node is similar.

Algorithm 2 Inserting Node into HTMRG

Input: Start node vg, Ggrp, Obstacle @
Output: Ggrpy—s
1 Gyrm-s = GHTM
2 if vs € Vi, then

> If the start node is located at a key node, do nothing.

3: else

4 if vg € EHTM then > If the start node lies on the road.
5: Push Vg — GHTM—S

6: Edge(vs, neighbor(vs)) — Gyrpm—s

7: else _ _> The start node lies outside the road.
8: Viis = {Vzl'/is | V;uis € Vkey/HVSVzViSH <& VSV;/iS ne = @}

9: Push vs = GHTM-5S

10: for viVis €V, do

11: Edge(vs,v;’is) — GHTM-S

12: end for

13: vp = Mindis(vg L EHTM)

14: Pushvp — Gyrm—s

15: Edge(vg, neighbor(ve)) — Gurm—s

16: end if

17: end if

18: return Gyrpi_g
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In Algorithm 2, vl!’is denotes a visible node from the node to be inserted. The condition

E—g
vsv{®® N @ = @ denotes that the line between the node to be inserted and the visible node

vis

does not intersect any obstacles. The constraint Hvsvi < ¢ restricts candidate visible

nodes to those within a distance threshold ¢ of the node to be inserted. In the subsequent ex-
periments, ¢ is set to half of the map diagonal length. Moreover, vp = mindis(vs L EfTM)
denotes the point closest to the RG from the node to be inserted. It is important to note
that during the insertion of the start or goal nodes into the RG, the smoothness of the
newly inserted segments is not considered, as these segments are generally short and can
be managed by local planning in the robotic system.

After inserting both the start and goal nodes, the augmented graph Gyrp—sc is
obtained. Finally, the Dijkstra algorithm is used to search for the path between the start
and goal nodes in GyTp—sc, taking into account the path length between KNs. Figure Im
illustrates the path planning results using the proposed insertion method, demonstrating
the effectiveness, safety, and smoothness of the approach.

5. Simulation Experiments
5.1. Simulation Overview in MATLAB

Four grid maps were used as the simulation maps (Figure 8), each containing the
following specific information:

(a) Map 1: Structural scenario, 500 x 500 (pixels).
* (b) Map 2: Indoor scenario, 796 x 598 (pixels).
e

(

¢) Map 3: Chaotic scenario, 900 x 900 (pixels).
d) Map 4: Block scenario, 796 x 598 (pixels).

5.2. Simulation Results and Comparative Analysis
5.2.1. The Results of HTMRG

The proposed HTMRG is compared with the Generalized Voronoi Diagram (GVD) [27]
and the Hierarchical Topology Graph (HTG) [28]. Figure 9a—d present qualitative compari-
son results across four different types of map representations. The GVD is characterized by
a large number of nodes with rough and irregular connections. While the HTG reduces the
number of nodes compared to GVD, it still contains redundant INs, and its connections
lack smoothness.In contrast, HTMRG eliminates redundant nodes and provides smooth
connections between SCEs and SIEs, achieving a compact structure with sufficient topolog-
ical expressiveness and efficient navigability.Moreover, these results demonstrated that the
proposed method is capable of handling a wide range of application scenarios, offering
strong adaptability to diverse environments.

5.2.2. Comparison of Inserting Methods Based on HTMRG

To validate the effectiveness of the proposed insertion method on HTMRG, 50 start—
goal pairs were randomly generated in the free space of each of the four maps. To avoid
trivial cases, the Euclidean distance between the start and goal was required to be greater
than half of the longer map dimension, and the start and goal were not mutually visible.
For each start—goal pair, both the traditional shortest-distance insertion method and the
proposed insertion method were applied, and the planned path length was recorded.
We report the mean and standard deviation of the path lengths and perform a paired
statistical test to assess the significance of the improvement. As shown in Table 1, the
proposed insertion approach consistently reduces the planned path length across all maps.
Specifically, the average path length is reduced by 6.99%, 4.55%, 4.13%, and 4.23% on
Map 1-Map 4, respectively. The improvements are statistically significant on all maps,
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with p-values ranging from 1.03 x 1073 to 4.89 x 10~ !!. These results demonstrate that the

proposed insertion strategy can effectively generate shorter and more reasonable paths by

considering all feasible insertion scenarios. Figure 10 provides a qualitative comparison,

where the red paths generated by the proposed method are more
the green paths produced by the traditional method.

intuitive and shorter than

NN, | (UL

I
1115 —

I.I |‘._' =111
lIJ.- '

(d)

Figure 8. Simulation maps used in the experiments. (a) Map 1: Structured environment. (b) Map 2:

Indoor environment. (c) Map 3: Chaotic environment. (d) Map 4: Block environment.
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Figure 9. Visual comparison of GVD, HTG, and HTMRG. The meanings of the symbols and legends

are the same as those in Figure 1. (a) Map 1—Structural scenario. (b) Map 2—Indoor scenario. (c) Map

3—Chaotic scenario. (d) Map 4—Block scenario.
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B
Traditional
= Proposed i

(0) (d)

Figure 10. Visual comparison of start-goal insertion methods in the HTMRG. The green paths
correspond to the traditional shortest-distance insertion method, while the red paths correspond to
the proposed insertion method. (a) Map 1. (b) Map 2. (c) Map 3. (d) Map 4.

Table 1. Comparison of average path length under different insertion methods (pixels).

Traditional Proposed

Map (Mean = Std)  (Mean = std)  Reduce (%) p-Value
Map 1 42324 4+94.77  393.64 +92.63 6.99 4.89 x 10~ 11
Map 2 749.17 +140.48 711.78 + 136.03 455 1.03 x 1073
Map 3 566.96 + 115.48 543.55 + 108.77 413 5.94 x 1077
Map 4 538.07 +100.73  515.32 +97.31 423 1.12 x 10~°

5.2.3. Comparison of Path Planning on Different Graphs

To compare the path planning performance across different graph representations,
50 start nodes and 50 goal nodes were randomly selected on each map. To avoid trivial
cases, the Euclidean distance between the start and goal was required to be greater than
half of the longer map dimension, and the start and goal were not mutually visible. For
each pair, a path was planned using the Dijkstra algorithm on the Grid, GVD, HTG, and
HTMRG graphs. Table 2 reports the mean and standard deviation of the planning time
over the 50 trials.As shown in Table 2, both HTG and HTMRG significantly reduce the
planning time compared with the Grid and GVD representations. For example, on Map 3,
the average planning time decreases from 7810 £ 234 ms (Grid) and 580 & 43 ms (GVD) to
14.1 + 4.1 ms (HTG) and 17.8 £ 4.7 ms (HTMRG). This substantial reduction is attributed
to the hierarchical topology structure, which effectively reduces the search space and
accelerates graph traversal. Compared with HTG, HTMRG exhibits slightly higher planning
time across all maps, but remains in the same order of magnitude (within a few milliseconds
difference), indicating that the enriched hierarchical topology representation introduces
only minor computational overhead while preserving efficient search performance.

Table 2. Comparison of average path planning time on different graphs representations (ms).

Map Grid GVD HTG HTMRG
(Mean =+ Std) (Mean =+ Std) (Mean =+ Std) (Mean =+ Std)
Map 1 538 £24 48 +13 6.3+26 72+28
Map 2 3058 £113 258 +£ 31 1254+3.8 15.5+3.5
Map 3 7810 £ 234 580 +43 141+4.1 17.8 4.7
Map 4 6100 &+ 265 484 4+ 63 19.3+3.6 25.1+4.8
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In addition, quantitative comparisons of average path length, curvature, and safety
clearance were conducted to further evaluate the performance of the proposed algorithm.

The average discrete curvature of each path is defined as:

ize(Path)—1
- S P curve(pi_y, pi, pia)

¢ size(Path)

,2 < i < size(Path) (10)

where size(Path) denotes the total number of path points, curve(p;_1, p;, pi+1) represents
calculating the curvature of point p; based on the circumcircle of three points.
The average safety clearance is defined as:

_ ZiiZE(Puth) D(pz)
T size(Path)

,1 <i <size(Path) (11)

where D(p;) represents the nearest Euclidean distance from p; to the surrounding obstacles,
which can be directly acquired from the distance field graph.

The paths planned using the proposed HTMRG structure, as shown in Figures 11-13,
demonstrate reduced path length, improved smoothness, and consistent safety levels.
Figure 14 presents representative results across four different maps. Compared to paths
generated using Grid, GVD, and HTG methods, those planned on HTMRG are smoother
and exhibit fewer twists and turns, owing to the integration of SCEs and SIEs.

Path length comparison
1200 1

PN GVD M HTG I HTMRG

1000 |

800

600 |

Path length (Pixel)

400

200 |

Structural Indoor Chaotic Block

Figure 11. Comparison of average path length across different environments on different graphs
representations.

Comparison of path curvature

I GVD M HTG I HTMRG

0.051

0.04

o

(=1

b
T

curvature (1/Pixel)

Structural Indoor Chaotic Block

Figure 12. Comparison of curvature comparison across different environments on different graphs
representations.
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Figure 13. Comparison of safety comparison across different environments on different graphs

representations.
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Figure 14. Visual comparison of path planning results using different graph representations. Paths
are generated using Dijkstra’s algorithm on the Grid, GVD, HTG, and HTMRG. (a) Map 1. (b) Map 2.
(c) Map 3. (d) Map 4.

5.3. Gazebo Simulation in ROS

The proposed method was integrated into the ROS framework and evaluated in the
Gazebo simulation environment, as shown in Figure 15a. The simulated environment
represents a composite scenario containing both sparse and dense regions, structured and
unstructured areas, as well as open and semi-enclosed spaces. Gmapping SLAM and the
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OctoMap package were employed to generate the occupancy grid map. The resulting
grid map has a resolution of 0.1 m per pixel and a size of 897 x 957 pixels. The grid-
map resolution (granularity) has a direct impact on the complexity and accuracy of the
constructed road graph. In practice, the grid resolution is selected according to the robot
size and is typically set to approximately one-half to one-quarter of the robot radius, which
provides a balance between safety and efficiency.

Figure 15b illustrates the constructed HTMRG, where red dots represent INs, green dots
indicate SIEs, and yellow lines denote SCEs. The HTMRG structure clearly demonstrates its
effectiveness in systematically constructing a functional road network for the environment.

@) (b)

Figure 15. Gazebo-based simulation results. (a) Gazebo simulation environment. (b) HTMRG
constructed from the generated occupancy grid map. The green lines represent SIEs, the brown lines
represent SCEs, and the red dots denote the INs.

As shown in Figure 16a, the proposed insertion strategy reduces the average path
length by 4.02% compared with the traditional insertion method, evaluated over 30 ran-
domly generated start—goal pairs in the Gazebo environment. Additionally, as shown in
Figure 17, path planning with HTMRG achieves shorter path lengths, improved smooth-
ness, and enhanced safety compared to SG and HTG. Figure 16b illustrates a comparison
of the intuitive path outputs generated by HTG and HTMRG, highlighting the smoother
and shorter paths produced by the proposed method. These results further validate the
effectiveness of the proposed method in realistic simulation scenarios.

= Traditional
= Proposed

(a) (b)

Figure 16. Comparison of path planning results in the Gazebo environment. (a) Comparison of
different start—goal insertion methods. (b) Path planning results on HTG and HTMRG.
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Figure 17. Performance comparison of different graphs representations.

6. Real Experiments

In this section, the proposed HTMRG-based path planning method is integrated into
a UGV system for experimental validation in a real campus environment. The complete
system includes localization, mapping, path planning, and motion control modules.

6.1. Experimental Environment and Conditions

An autonomous navigation system for a UGV platform was developed, as shown in
Figure 18. Figure 19b presents a section of the actual campus environment, measuring
400 m in length and 200 m in width. The tracked differential-type UGV platform, shown
in Figure 19a, was equipped with an onboard computer (i9-11900) and an Ouster-64
LiDAR. The robot adopts a tracked skid-steering locomotion mechanism, which enables
robust operation on uneven outdoor terrain. The platform has an approximate size of
1.1m x 0.7m X 0.5m (length x width x height) and a maximum driving speed of 1.5m/s.
Due to the skid-steering configuration, the vehicle has a near-zero minimum turning radius,
allowing in-place rotation.The onboard computer communicated with the chassis control
board via the CAN bus. First, a global point cloud map was constructed using Lio-Sam [29].
Simultaneously, a grid projection with a resolution of 0.2 m was performed to produce a grid
map. Noise removal was then applied to the global grid map. Online re-localization [30]
within the prior map was then performed to estimate the robot pose. In addition, Figure 19¢
illustrates another experimental scenario in which a drone captures an overhead view of a
parking lot, which is subsequently modeled and used for HTMRG construction.

6.2. Real-World Experimental Results and Comparative Analysis

The HTMRG results for the campus and parking lot environments are depicted in
Figures 20 and 21, respectively. For the parking-lot scenario, the UAV overhead imagery
is processed to extract traversable regions prior to HTMRG construction, using either
semantic segmentation or manual annotation. The results indicate that the proposed
method successfully constructed a hierarchical and smooth road network structure in
real-world environments. The planned paths can be directly used by the control module
for trajectory tracking and guidance.
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Figure 19. Real-world experimental setup. (a) Tracked UGV platform equipped with an onboard
computer and a 64-beam LiDAR. (b) Campus test site (approximately 400 m x 200 m). (c) UAV aerial
view of the parking lot used for overhead mapping.
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Figure 20. HTMRG representation constructed for a real-world campus environment. The green lines
represent SIEs, the brown lines represent SCEs, and the red dots denote the INs. The enlarged views
highlight typical intersections and curved road segments.

Figure 21. HTMRG representation constructed for a real-world parking-lot environment. The
meanings of the symbols and legends are the same as those in Figure 1.

Inserting 20 start-goal pairs into the HTMRG shows that the proposed insertion
method reduces the average path length by 4.36% compared to the traditional approach.
Figure 22 presents a representative example: the path generated by the proposed method
(red) is 192 m, whereas the path generated by the traditional method (green) is 208 m.
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== Traditional
== Proposed

Figure 22. Comparison of start—goal insertion methods in the HTMRG framework. The green path
corresponds to the traditional insertion method, while the red path corresponds to the proposed
insertion method.

In addition, three representative autonomous navigation cases are illustrated in
Figure 23. The yellow points correspond to LiDAR point clouds, which are visualized to in-
dicate the vehicle’s position in the environment, while the vehicle pose is estimated through
the localization module. The red line shows the smooth path generated by HTMRG-based
planning, whereas the green line represents the path produced by HTG-based planning,
which contains more abrupt turns. The red paths are tracked using an enhanced pure
pursuit algorithm, based on our previous research [31]. Figure 24 presents a performance
comparison of 50 planning cases with different start-goal pairs. The paths planned on
HTMRG are shorter and smoother than those generated by SG and HTG, with only minimal
compromise on safety.

Figure 23. Path planning examples comparing HTG and HTMRG in a real-world campus environ-
ment. (a) Case 1. (b) Case 2. (c¢) Case 3.
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Figure 24. Performance comparison of different graphs representations in campus.

7. Conclusions and Outlook

In this study, we investigated a novel RG modeling method and its application to
autonomous path planning. The proposed HTMRG framework reduces graph complexity,
identifies intersections, and constructs SCEs and SIEs to generate high-quality road-network
representations. To further enhance practical applicability, a dedicated start-goal insertion
strategy was introduced for efficient path planning on HTMRG. Quantitatively, the pro-
posed insertion strategy reduces the planned path length by 4.13-6.99% compared with the
traditional insertion method. In addition, the hierarchical graph representation significantly
accelerates graph search, achieving orders-of-magnitude speedup over Grid-based plan-
ning and an order-of-magnitude improvement over GVD-based planning. The framework
also exhibits high reliability, where reliability refers to the success rate of generating feasible,
collision-free paths across repeated start-goal trials.

Despite the promising results, several limitations remain. The current framework
assumes a static environment and does not explicitly handle dynamic obstacles. In addition,
the proposed method focuses on single-robot navigation and has not yet been extended to
multi-UGV coordination scenarios. Furthermore, the road graph is constructed from prior
maps and does not currently support fully online map generation and updating.

Future work will address these limitations by integrating dynamic obstacle avoidance
mechanisms and incorporating model predictive control (MPC) for improved motion execu-
tion. We also plan to extend the HTMRG framework to multi-robot cooperative navigation
and investigate online road-graph construction for continuously evolving environments.
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